By combing geocoded project-level data on Chinese development assistance with geocoded householdlevel data from the Demographic and Health Survey (DHS), we investigate the effect of Chinese project assistance on household welfare in 13 sub-Saharan African countries. We exploit the geographic proximity of household clusters across two different DHS survey waves (before and after the influx of Chinese aid) and use a difference-in-difference design in order to investigate the impact of Chinese aid on households' wealth and education. Our results consistently point to an overall positive effect of Chinese project assistance on household welfare: areas that receive Chinese projects are more likely to be wealthier, stay in school longer, and achieve a higher educational attainment than areas which did not receive such projects. Results are robust to various alternative model specifications.
if and to what extent Chinese aid projects impact household welfare in 13 sub-Saharan African countries.
Since Chinese aid covers a broad range of sectors (Bräutigam 2009 , Strange et al. 2014 ) and potentially affects various dimensions of peoples' lives, we look at two different measures of well-being: wealth and educational outcomes. Both measures are key to household welfare, highly relevant for poverty reduction and relate to sectors in which China is very active. To the best of our knowledge, this is the first study to provide cross-country evidence on the effectiveness of Chinese aid at the micro-level and beyond the dimension of economic growth.
An obvious challenge to our research objective is that we are dealing with non-randomised observational data that is prone to selection bias: Chinese aid projects are unlikely to be randomly allocated across countries and regions within countries. This makes it difficult to obtain reliable estimates of the effect of Chinese aid on household well-being. In order to deal with this problem in the best way possible, we approach our empirical analysis as follows (see also Section 2). We match georeferenced data on Chinese aid projects in the AidData set to georeferenced household data in the Demographic and Health Survey (DHS) at two points in time: before and after the inflow of Chinese aid. Using a difference-and-difference estimator, we then compare the welfare of household clusters that have been "treated" with at least one aid project between the two DHS survey waves to the welfare of "control" clusters. By exploiting the geographic proximity of household clusters covered by the DHS, we are able to compare households located in the same area before and after treatment. This greatly increases the comparability of households in our dataset across time. 4 In addition, we use inverse probability weighting -a matching method -in order to construct a proper counterfactual and make treatment and control clusters as comparable as possible. Since information on the exact number of Chinese projects on the ground as well as their financial project volume is rather patchy, our main analysis captures treatment in form of a dummy variable indicating the presence of a project (yes/no). However, in order to also consider treatment intensity, we extend our analysis by replacing the dummy with the number of projects on the one hand and financial project volume on the other hand.
Our study contributes to two main strands in the aid literature. First, it adds to the empirical literature that investigates aid effectiveness at the sub-national level across countries (see Kilby 2000 , Dollar and Svensson 2000 , Guillaumont and Laajaj 2006 , Denizer et al. 2013 , Bulman et al. 2015 , Dreher and Lohmann 2015 , Metzger and Günther 2015 , Briggs 2016 , Kotsadam et al. 2018 . Studying aid effectiveness sub-nationally is important, because it helps narrowing the gap between macro-and micro-economic studies in the field (Rodrik 2008 , Denizer et al. 2013 , Bulman et al. 2015 , Metzger and Günther 2015 , Dreher et al. 2016 , Dreher et al. 2017 , Briggs 2018 . Second, we add to the (yet) small body of literature on the effectiveness of Chinese aid (Dreher et al. 2016 , Dreher et al. 2017 . Given the methodology we use, our study also relates to newer literature that applies a difference-in-differences (DiD) approach to geo-referenced and non-randomised observational data (see Kotsadam and Tolonen 2016 , Isaksson and Kotsadam 2018 , Kotsadam et al. 2018 . 5 Yet, we propose an alternative methodology to exploit our geo-referred information which relies on impact evaluation methods to reduce the potential bias due to the lack of a perfect counterfactual.
The existing literature offers few insights on China's aid effectiveness directly, but there are indirectly related aspects worth pointing to. On a positive note, China's South-South cooperation philosophy 6 may lead to higher ownership, larger freedom of choice and, thus, better targeting of aid, rendering foreign assistance more effective. Moreover, China's emphasis on project aid as well as technical cooperation and training can be an effective way to promote local economic development in the short-term (Clemens et al. 2012 , Reilly 2015 . Last, China's comparatively strong focus on (often big scale) economic cooperation may create direct opportunities for the local population and, at the same time, lead to a better integration of national markets into the global economy. The positive relationship between Chinese aid and regional (Dreher et al. 2016 ) and national growth (Dreher et al. 2017 ) lends support to these arguments. On the other hand, China's non-interference and no-strings-attached loan policy can threaten debt sustainability (Kilama 2016) and undermine good governance and foster corruption (Isaksson and Kotsadam 2017) . Moreover, the Chinese government's emphasis on mutually beneficial cooperation might affect profit sharing negatively and diminish longer-term economic benefits to recipient countries. 5 Benyishay et al. (2017) provides a review on how increasingly available disaggregated geospatial data allows for applying a variety of impact evaluation methods to assessing the effectiveness of aid, among others. 6 China's foreign assistance is guided by eight principles. For details see: http://www.china.org.cn/opinion /2011-11/29/content_24030234.htm To what extent these considerations affect the welfare of households that live in the proximity of Chinese aid projects is an open question that we explore in this study. Our main results (discussed in Section 3) consistently point to an overall positive impact of Chinese project assistance on the welfare of households living in our sample countries. Areas that receive Chinese projects are more likely to be wealthier, stay in school longer, and achieve a higher educational attainment than areas which did not receive such projects. These findings are confirmed when we break the analysis down to the sector level (Section 4), although we also find some evidence for heterogeneous effects of aid. The latter suggests that a sectoral analysis of aid can be helpful in further unravelling the mechanisms through which Chinese projects affect household welfare. Finally, we find that the intensity of treatment seems to have implications for household welfare: a (positive) non-linear relationship between treatment and outcome variables indicates that positive effects of aid only materialise when certain number of projects (or a certain project volume) is reached. However, these effects seem to wear off in some cases once a certain threshold is passed.
Data and Methods
Our analysis is based on the combination of two main sources of data: (1) Aid Data's Chinese Official Finance to Africa dataset and (2) the Demographic and Health Survey (DHS). Our sample consists of 13
African countries for which at least two DHS survey waves are available and for which the first wave corresponds to a period characterised by little or no Chinese aid activities (i.e. before the year 2000):
Benin, Cote d'Ivoire, Ethiopia, Ghana, Guinea, Kenya, Malawi, Namibia, Nigeria, Senegal, Togo, Uganda and Zimbabwe.
Aid Data
The Chinese Official Finance to Africa dataset comprises 1,955 geocoded projects in 50 African countries, spanning 3,545 locations and covering the years 2000 to 2012. The countries included in our sample account for 852 projects in 1,745 locations, which are widely distributed within countries and across time (see Figure 1 ).
Figure 1. Mapping of Chinese Aid Projects by Destination Countries
For each project, the database provides detailed information on its location, the sector it belongs to (classified following the OECD Creditor Report System (CSR) purpose codes), its financial volume, the type of flow 7 (e.g. ODA or other official flows, OOF) and its status (e.g. planned or implemented).
We made two major adjustments to the data for our empirical analysis. First, a large majority (67.4%) of projects are classified either as "completed" or "implemented", while the rest is still "in the pipeline".
Projects in the pipeline have not formally started and 11.3% of them are pledged only. Since their implementation is uncertain, we exclude these projects from our analysis. Second, we only account for projects that are defined by a precise location, which is key to the identification strategy adopted in the 7 In the case of China, it is important to distinguish between official development assistance (ODA)-like flows and other official flows (OOF). According to the DAC definition, ODA is (a) provided by official agencies to developing countries, (b) aimed at promoting economic development and welfare, and (c) contains a grant element of at least 25 percent. OOF are also funded by government agencies, but not primarily aimed at development goals and/or not sufficiently concessional to categorise as ODA. Results from an empirical work by Dreher et al (2015) show that Chinese ODA to Africa are not significantly correlated with national political institutions, while OOF-like flows are more likely to go to countries with higher corruption levels.
rest of the analysis. AidData attributes a precision code to each geo-localised project that identifies how close a project is to a given set of coordinates. We consider projects with a precision code of up to 4, meaning that the project location is at least overlapping with a first order administrative division such as a province, state or governorate. 8 Of the total number of projects in our sample 67% fall into this category. This is a standard practice in studies using this source of data and looking at local characteristics of aid projects (see e.g. Dreher et al., 2015; Briggs, 2018) . Dropping projects in the pipeline and those with a precision code larger than 4 leaves us with a final sample of 878 observations (or project-locations).
In this final sample, Chinese assistance primarily consists of economic-oriented projects especially in Ethiopia, Nigeria and Uganda. Overall, transport, communication and energy projects account for 44% of the total number of projects. Education and health projects make up a large share of Chinese assistance too, accounting for about 21.3% of all projects ( Figure 2 ). This is true in particular for Ghana (education alone represents 26% of the projects), Guinea and Malawi. Most of the projects (53.2%) included in our final sample are categorised as ODA-like; 41.8% are classified as Vague Official Finance, since information required for a more specific categorisation is lacking. Only 4.3% of all projects are classified as other official flows (OOF), which means commercial activities (mostly related to the communication sector, and including loans to build telecom infrastructures). Moreover, above 46% of project financing is provided in the form of loans, which seem to be China's preferred mode of foreign assistance. 9 A few additional characteristics and limitations of the AidData dataset are important to keep in mind for the interpretation of our results (Strange et al. 2013) . First, since China does not officially report data on its foreign assistance, project-related data is compiled from various sources, including governments, media, and the private sector. Therefore, the data might be not fully representative of Chinese assistance provided to sub-Saharan African countries. Second, a bias in China publicly reporting certain projects (but not others) cannot be ruled out (Strange et al. 2013 ). Third, since China's foreign assistance does not adhere to DAC standards and definitions, it is difficult to categorise it in the same way and with the same precision as aid from DAC donors. This reduces the comparability between aid flows from China and DAC member countries. Finally, and importantly, information on financial disbursements to projects is not available at the location level (i.e. the geographic project site level). Financial disbursement data is only available at the overall project level. In light of this, we do not use information on projects' financial flows in the main analysis. Instead, we indicate the presence of a project (location) in any given area with dummy variables. However, in order to take the intensity of treatment into account we repeat our main analysis by replacing the project location dummies with (a) the number of projects going to certain areas and (b) the actual financial size of the project (see Tables A10 and A11 ). As financial disbursement information is not available at the local level, we adopt the approach of other studies in the field and divide the total financial disbursement to a project by the number of its locations (see e.g. Dreher et al.
Figure 2. Distribution of Chinese aid projects by Sector

2016).
9 http://www.sais-cari.org/publications-1/2017/7/5/policy-brief-112016-how-chinese-money-is-transforming-africa-its-not-whatyou-think
Demographic and Health Survey (DHS)
The DHS is a large-scale survey programme. Data are nationally representative and include information for a wide range of indicators on several dimensions of households' wellbeing, including assets, education, health, and nutrition. All DHS surveys are based on a common questionnaire. This key feature allows us to analyse and compare the effect of Chinese aid on household welfare across countries. For the present analysis, we use DHS survey data on 13 African countries. We consider two data points for each country: a "pre-treatment" or "baseline" wave, close to the first year of the AidData dataset (2000) and a period characterised by little or no Chinese aid activities, and a "post-treatment" wave, which is the most recent DHS survey year. Countries and corresponding survey years are listed in Table A1 in the Appendix. Taken together, the surveys include information on 430,308 households.
In order to measure the impact of Chinese assistance on household welfare we consider a number of economic and social indicators. Concerning economic indicators, we use the wealth index that is directly available from the DHS as a measure of households' material well-being (Filmer and Pritchett, 1999, 2001; McKenzie, 2005) . The DHS wealth index is generated by means of factor analysis and is based on assets such as a radio, refrigerator, telephone, television, the quality of the dwelling, water supply, access to sanitation facilities, and the type of flooring (Filmer and Pritchett, 1999, 2001; McKenzie, 2005) . In all our analyses, we use the DHS wealth index, which ranks households on a continuous scale. The continuous scale is re-adjusted by adding a constant such that it contains only positive values; then it is transformed into its natural logarithm. Moreover, we use the wealth index recoded into national quintiles, also readily available from the DHS. It should be noted that the wealth index represents a relative measure of wealth within a specific country at a given point in time. Therefore, the index may not properly capture changes in households' wealth over time. Moreover, since assets can be country specific, the comparability of the index across countries may be limited.
In order to assess the impact of Chinese aid on local educational outcomes and, hence, households' human capital, we rely on two indicators: (a) the average and maximum years of education in each household (counting only members over 25 years of age) and (b) the educational attainment in each household. Educational attainment consists of six categories that are coded as follows: (0) "none", (1) "incomplete primary", (2) "complete primary", (3) "incomplete secondary", (4) "complete secondary", and (5) "higher education". We consider the average and maximum value of educational attainment within each household for household members over 25 years of age. Summary statistics of all variables used in the analysis are provided in Table 1 (see Section 2 .3).
Methodology
In order to link the DHS data to the information in Aid Data, we use geo-referred spatial information. The clusters surveyed in the DHS as well as the projects listed in Aid Data have point coordinates (GPS). We use these GPS coordinates to match household data from the DHS to sub-national project data from the Aid Data set.
The Aid Data information tells us when and where a Chinese aid project has been established. The DHS data tells us which household is located in an area close to such an aid project. Combining this information allows us to compare the welfare of households (with regard to wealth and education) before and after the implementation of a project. Our empirical analysis leans on the methodology used by Kotsadam et al. (2018) 11 to evaluate the effectiveness of local aid projects on infant mortality at the household level by means of a difference-indifferences (DiD) approach. In our case, we have: and (c) a dummy variable (=1) for households living in rural areas. Due to endogeneity, we include the variables measuring individual assets or proxying for living conditions only for the specification using educational outcomes as dependent variable (i.e. column 3 and following in each table), but not for the regressions using wealth as dependent variable. Furthermore, we add time varying country (7 8% ) and area (5 6 ) fixed effects to control for time trends and area-specific characteristics that may be spuriously correlated with our dependent and independent variables.
Our approach to analysis (DiD) grounds on the premise that both DHS waves (before and after treatment with a Chinese aid project) are based on the same underlying population. However, since the DHS is not a panel, different survey waves are based on different sets of clusters and households within clusters.
The chance that the same households are interviewed in both survey waves is extremely low. In order to deal with these limitations which can potentially bias our results we propose an alternative methodology to exploit our geo-referred data. This is done in three steps.
First, we exploit the geographic proximity of clusters located in populated areas of the countries in our sample, taking our analysis from the household level to a more aggregated geographic-area level.
Geographic areas are defined to share the first decimal place both for latitude and longitude coordinates which roughly corresponds to 8 km. Using the first decimal represents a good strategy to balance the number of clusters and the degree of homogeneity of the households included in each area.
For each survey wave, we identify the clusters located within this geographic boundary. With this strategy, we can match the same areas in two different periods. Figure 3 provides a graphical representation of this procedure, using the Ethiopian data as an example. Map 1 reports the geographic distribution of the constructed areas in both survey waves. The dots represent our new, more aggregate, unit of analysis. Figure 3 shows the steps through which we move from clusters to aggregate areas in more detail. Purple dots are the original clusters in the 2000 wave, whereas the blue dot is the centroid of each newly constructed area. For areas around the blue dots we report collapsed information, summarising the data of all original clusters in 2000 that are located in the newly constructed area. This means that we compute the average characteristics of the households that have been surveyed. The aggregated areas in 2000 are then matched with the corresponding areas in 2011, which are constructed with the exact same methodology. 12 For Ethiopia, we have 84 geographic area units for which we can match information from pre-treatment surveys to post-treatment surveys (these are the overlapping green and yellow bubbles in Map 2, Figure 3 ). In total, our final sample includes 1229 geographic units that we observe over two periods. 13 12 Wegenast et al. (2016) propose a similar method since they re-aggregate information from the clusters to the district level, computing mean values to get to a dataset that varies by district and year. They do not, however, provide the additional steps we make in our analysis to ensure a more precise comparability between treated and control areas. 
Figure 3. Procedures to construct areas
Second, we use a non-experimental technique called inverse probability weighting (IPW) to adjust for the selection bias that may results from the fact that we are dealing with non-randomised, observational data (Horvitz and Thompson 1952 , Fitzgerald et al., 1988 , Wooldridge, 2007 . IWP aims at constructing a credible counterfactual from the data in two stages by identifying and then matching "quasi -identical" units in the treatment and control groups. For each area we use a probit model to estimate the probability of being a recipient of Chinese aid. Variables in the model includes the demographic composition of the households living in our unit of analysis (share of female-headed households, average age of household members, average size of households, share of men, share of children aged between 0 and 4, share of children aged between 5 and 14, share of children aged between 15 and 17, average dependency ratio), the assets owned by the same group of households (percentage of households holding a bike, a car and a radio) and other information to proxy living conditions (e.g.
access to electricity and floor living conditions), the share of households living in rural areas as well as region fixed effects and year dummies. All variables are measured in the baseline year in order to reproduce initial conditions, and are computed as average levels among all households belonging to the same area. The graph depicting the weighted propensity scores for control and treatment groups indicates the goodness of the overall balance after matching (Figure 4, left panel) . This is confirmed by the Hotelling test: after matching, we do not observe a significant difference in means between control and treatment group for the variables that were used to calculate the propensity scores (Prob > F (78,837) = 0.6335).
Figure 4. Distribution of propensity scores, before (left panel) and after (right panel) matching
Third, in our difference-in-difference analysis we weigh the control sample by the inverse of the probability computed in the previous stage in order to make it as comparable as possible to the treatment sample. The DiD specification now is:
The only difference with equation (1) 
Main Results
Our main analysis is reported in Table 2 . The results indicate that Chinese Aid projects have a positive and significant effect on the wellbeing of households in the sub-Saharan countries forming part of our sample.
Concerning households' material well-being, we observe that areas located in the proximity of a Chinese project site seem to be wealthier than "control" areas located farther away from such project sites. This result holds for both the continuous wealth index taken from the DHS survey ( areas are relatively wealthier than control areas; and they are more likely to be in a higher wealth quintile.
To some extent, these findings fit with the results by Dreher et al. (2016) The analysis on education outcomes (Table 2 , columns 3 to 6) is based on our full DiD specification, since data is available for both survey waves. 16 This being said, the results presented in columns 3 to 6 indicate that Chinese aid projects have a positive and significant effect (a) on average and maximum 16 As discussed in subsection 2.3, adding fixed effects to our model causes the treatment dummy D to being dropped from the regression due to perfect collinearity. This automatism does not affect the interpretation of the DiD estimator, which is our main variable of interest, but we lose information on differences between control and treatment areas at baseline. That means, the regression results do not reveal whether Chinese aid projects went to areas with initially higher or lower education levels.
years of education, and (b) on average and maximum educational attainment (the level of acquired education). The positive and significant post-treatment dummy T indicates that educational outcomes have generally improved over time in sub-Saharan Africa. This is well in line with other studies and a well-known fact by now (Riddel and Niño-Zarazúa, 2016) . Several mechanisms may explain these results.
First, better educational outcomes can be a direct result of (successful) Chinese projects in the education sector. After all, education-related projects account for 11% of the total sectoral distribution of Chinese aid (see Figure 2) . In Section 4 we study this possible mechanism more closely. Second, better educational outcomes can be an indirect result of projects with relevant spillover effects. Infrastructural projects for instance, which make up at least 21% of Chinese aid, can facilitate access to education for a large number of pupils. Third, increased economic wellbeing, possibly driven by Chinese aid projects, may also contribute to improved educational outcomes in treatment areas, for example by enabling households to pay for education.
Finally, most of the control variables added to each regression play the expected role on the different outcomes examined. 
Robustness of Main Results
In order to test the robustness of our main results, we apply the following changes to the data. First, we include wealth indicators at baseline for countries for which this information is available across both survey waves. The use of baseline information allows us to run DiD regressions and address the aforementioned concerns related to cross-sectional models. Second, we exclude potential outliers:
areas that received a large number of projects. Third, we test how sensitive results are to enlarging the buffer zone (50 km) that is used to assign areas to treatment and control groups.
(i) Including wealth-related information at baseline
For Kenya, Malawi and Nigeria, comparable wealth-related data is available across both survey waves.
The DiD regressions reported in Table A2 (Appendix I) are based on the sample of these three countries.
The results are very consistent with the results of the cross-sectional analysis reported in Table 2 above.
The DiD coefficients indicate that Chinese projects have a positive and significant effect on the wealth of households located in their vicinity. Moreover, the post-treatment dummy (T) indicates that household wealth has generally not increased over time in the sampled countries. That means, while wealth did not increase in Kenya, Malawi and Nigeria over time and overall, areas treated with Chinese aid nevertheless experienced a significant increase in wealth.
(ii) Excluding potential outliers
The distribution of projects across areas shows that the 25th percentile benefitted from only 2 projects while the 90th and 95th percentile from 75 projects and 181 projects, respectively ( Figure A2 , Appendix III). Therefore, we test to what degree our results may be driven by areas recording a large number of projects. First, we exclude areas recording more than 75 projects (left panel of Table A3 , Appendix I).
Then, we exclude areas recording more than 181 projects (right panel of Table A3 , Appendix I). Our results remain robust to the exclusion of these outlier areas.
(iii) Adopting a larger buffer zone
Finally, we test to what extent choosing a larger buffer zone of 50km (in order to assign areas to control and treatment groups) affects our main findings. Results are presented in Table A4 in Appendix I. We observe that Chinese aid projects still have a positive and significant impact on the wealth of households (areas) that live up to 50km away from the project site. However, the effect such projects on educational outcomes apparently wears off with increasing distance. This seems reasonable: education-related interventions are likely local in nature (such as the construction of schools or provision of other services), reaching a limited amount of people. This, in turn, may limit spillover effects beyond a certain geographical distance.
Sectoral Analysis of Chinese Aid
In this section, we discuss the results of our sectoral analysis of Chinese aid. The sectoral analysis serves two main purposes. First, it allows us to take the heterogeneity of aid projects and their potentially heterogeneous effects on household well-being into account. Second, it allows us to more directly link projects to their intended outcomes: we can link education projects to education outcomes (columns 3 to 6, Table A7 , Appendix II) and economic projects to economic outcomes (columns 1 and 2, Table A5 , Appendix II). We group all projects into two big categories on the basis of their Creditor Report System (CRS) sectoral codes: social sector projects and economic sector projects. 17 Regression results are presented in Tables A5 to A7 in Appendix II. Table A5 shows the effect of economic projects on our outcome variables (education and material wellbeing). We find that economic sector projects have a positive and significant effect on both educational outcomes and wealth. Thus, it seems that projects in the economic sector directly affect households' material well-being (wealth) and have positive second-order effects in the realm of education.
Tables A6 and A7 show the effect of social sector and education projects on households' well-being.
The data suggest that benefits generated by social sector projects in general and education projects in particular are not as broad as benefits generated by economic projects, since the effect of education on wealth (see column 1, Tables A6 and A7) 
Distribution and Scale of Chinese Aid
In our main analysis, we focus on whether a project is implemented or not and refrain from using potentially less reliable information on the number of projects or project volumes. An obvious limitation of this approach is that it does not consider the scale of projects and, hence, the intensity of treatment on treated areas. Therefore, we may be underestimating the overall effects of Chinese project assistance on household well-being. Moreover, our approach does not allow us to test for non-linear effects of aid that have been identified by earlier macro-and project-level studies. We adjust our main specification as described below, such that we can explore these additional aspects with regard to Chinese assistance.
As laid out in Section 2.1, we take the intervention scale into account by replacing project location dummies -indicating the presence of a project (yes or no) -with (a) the number of projects going to certain areas (see Table A9 , Appendix III), and (b) the actual financial volume of the project (see Table   A10 , Appendix III). Moreover, we apply an extension to our analysis by using the propensity score-based marginal mean weighting through stratification (MMWS) method (Hong, 2010; Hong, 2012; Huang et al 2005) . MMWS combines propensity score stratification and inverse probability of treatment weighting in order to reduce selection bias and is applicable to estimating causal effects of so-called multivalued treatments which can take on more than one value (Linden et al. 2014) . Based on the distribution of the number of projects (Table A8 , Appendix III) we consider three, hence multivalued, ordinal treatment levels: one single project (25 th percentile), more than one project but less than 17 projects (25 th to 75 th percentile), and 17 or more projects (>75 th percentile). Based on the distribution of financial project size, we consider the following three treatment levels: higher than zero but lower than 37.71 $ million (25 th percentile); equal or more than 37.71 $ million but lower than 252.98 $ million (25 th to 75 th percentile); equal or higher than 252.98 $ million (95 th percentile). As before, areas not located within a 25km radius of a Chinese aid project serve as the control group.
Now, MMWS serves to reduce selection bias by achieving balance on baseline (and observable)
characteristics between all treatment levels (Linden et al. 2014) . The empirical strategy relies on four steps. First, we compute the generalised propensity score for each area. To this end, we use an ordered logistic regression and regress our ordinal treatment variable on the relevant set of covariates. Second, the generalised propensity scores that we computed for each area is stratified into four strata. Third, we compute the MMWS weights for each area corresponding to its stratum and treatment level. Finally, we re-estimate our main specifications using the MMWS as probability weights.
The results presented in Table A9 indicate that the treatment intensity in terms of the number of projects matters: the effect on our outcome variables is non-linear. More specifically, Chinese aid projects do not seem to have a significant impact on areas recording only one project. Instead, depending on the outcome variable we consider, the impact is positive in areas counting more than one and up to 17 projects (e.g. wealth), or in areas counting more than 17 projects (e.g. wealth quintiles). In other words, the threshold at which Chinese projects affect household welfare varies with the outcome variable. Table A10 reports the regressions that include treatment intensity based on financial project volume.
The results point in a similar direction as the results in Table A9 : the impact of Chinese assistance is only statistically significant after a certain threshold has been reached. We observe again that the threshold at which Chinese assistance becomes effective apparently depends on the type of outcome variable (compare columns 1 and 2 in Table A10 ). With respect to education outcomes we moreover observe that project effects only turn significant at the highest treatment level (see columns 3 to 6 in Table A10 ).
This suggests that improvements of educational outcomes only kick in once a comparatively larger amount of financial resources have been spent on a project.
In summary, the results in Tables A9 and A10 are an important addition to our work. On the one hand, they support our core results by pointing to a positive relation between Chinese aid and household welfare that is robust to a treatment indicator that accounts for the scale of the projects. On the other hand, we believe they complement our analysis in two main respects: First, the relationship between treatment level and outcome variables is non-linear. Second, the threshold at which Chinese assistance becomes effective varies with the outcome variables on the one hand (wealth, wealth quintiles, education outcomes) and the treatment variable on the other hand (number of projects and project volume).
Discussion
China is rapidly becoming an important source of development assistance to low-income countries, especially in sub-Saharan Africa. While the lack of reliable statistics on Chinese aid has thus far limited the analysis of its effectiveness, recent work seems to point to positive effects on national and subnational economic growth -e.g. Dreher et al. (2016) and Dreher et al. (2017) . In this paper, we go a step further and evaluate the effectiveness of Chinese aid on the welfare of households based in 13 SSA countries. Our empirical strategy grounds on a novel methodology which relies on quasi-experimental and impact evaluation methods to reduce the potential bias due to the lack of a perfect counterfactual.
Combining a rich set of georeferenced data on Chinese foreign assistance projects with household-level information from the DHS, we provide first evidence of a positive effect of Chinese projects on the wellbeing of households located in our sample countries. Areas that receive such projects are more likely to be wealthier, and they are more likely to be in a higher wealth quintile. Moreover, households located in areas that receive such projects stay in school longer, and achieve a higher educational attainment than areas which did not receive such projects. Results also show that aid sectoral composition matters, and that accounting for the size of aid has a non-linear relation with some of the outcomes.
The present paper is a first step towards analysing the effectiveness of Chinese foreign assistance on the household level. In future research, we plan to investigate further topics which are immediately related to this paper. First, household welfare should be more comprehensively assessed by including further dimensions of well-being such as for example consumption. Consumption was not included in the present analysis due a lack of corresponding information in the DHS. Second, we plan to address some of the shortcomings related to measuring wealth and its distribution with DHS data, with the goal to provide insights on the relationship between aid and inequality. While our main results seem to confirm a wealth enhancing effect of Chinese aid, the analysis of the distribution of such benefits says little about redistributive effects. Third, we are interested on measuring the impact of Chinese development assistance on labour market outcomes. Finally, we plan to replicate our methodology in order to assess the effectiveness of other donors' foreign assistance (for which georeferenced information exists) and
compare it to Chinese assistance. Robust standard errors in brackets *** p<0.01, ** p<0.05, * p<0.1; 1 HH: Household Note: All the variables are calculated at the area-level. See Section 3 for the construction of how geographic areas have been constructed. Socially-related projects include projects in the following Sectors (CRS code in parenthesis): Education (110); Health (120); Population Policies (130); Water Supply and Sanitation (140); Government and Civil Society (150); Other Social Infrastructure and Services (160); Women in Development (420); Developmental Food Aid (520); Non-Food Commodity Assistance (530). Robust standard errors in brackets *** p<0.01, ** p<0.05, * p<0.1; 1 HH: Household Note: All the variables are calculated at the area-level. See Section 3 for the construction of how geographic areas have been constructed. Education-related projects include projects in the CRS code 110. 
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